Abstract This study deals with the development of a new method to quantify the effect of orthostatic stress on the cardiovascular system. Orthostatic hypotension in healthy subjects triggers the baroreflex, which induces increased sympathetic activity and decreased parasympathetic activity. We performed a tilt-table test on 19 healthy subjects while measuring electrocardiogram, galvanic skin resistance and blood pressure signals. We developed a method for inverse parameters identification using artificial neural networks to fit the experimental data and identify physiological parameters (sympathetic and parasympathetic level). We implemented a supervised controller in the form of mathematical model of the baroreflex which was used to estimate the sympathetic and parasympathetic levels for a selected set of experimental data. Obtained result was used as training set for our artificial neural network. The network was able to estimate the levels of sympathetic and parasympathetic discharge. The estimated values were successfully validated against the measured heart rate signal with low least-square error. Additionally we proposed a classifier, which was able to predict the sex, age, weight and health status of the patient based on estimated model parameters.
Introduction
Postural change from a lying position to an upright posture causes decrease of arterial blood pressure and triggers the baroreflex. Some methods to assess the baroreflex sensitivity are presented in [1] . While such simple methods provide interesting information, the contribution of neural pathways involved is not covered. The use of mathematical models provides a better insight into the nonlinear regulation processes during the orthostatic stress. Artificial neural networks have shown good capability for system identification. They can be trained by adaptive learning on chosen measured data. In this work we propose artificial networks which are able to predict the sympathetic and parasympathetic tone change during the orthostatic stress, as well as predict the age, sex, weight and health status.
Materials and Methods

Measurements
11 women and 8 men underwent the Tilt- Table Test . Their age varies between 15 and 46 years. A Biopac MP35 system [2] was used for 3 leads electrocardiogram (ECG) and galvanic skin resistance (GSR) signals measurement. A cuff arterial blood pressure (BP) signal was measured using an OMRON M10-IT device. The ECG and GSR signals were sampled at 500 Hz and the BP signal at 10 Hz. All three signals were processed in Matlab and Statistica Neural Networks. After instrumentation, in a lying position on the tilt table, a 60 seconds baseline recording was performed on the subjects. The table was then tilt up to 70°, and the recording was resumed for additional 60 seconds.
Mathematical Model
Sympathetic and parasympathetic nerve discharge cannot be measured noninvasively. Therefore the use of mathematical models is required in order to estimate this information from the measurable heart rate, blood pressure and galvanic skin resistance. We modeled the change in arterial blood pressure BP during orthostatic stress with an adapted guassian function as follow, where BP 0 is the mean blood pressure, dP max is the maximum decline in pressure, dP time is the timestamp when the maximum decline occurs, dP duration is the duration of pressure change till it returns to normal level, dP beforerate and dP afterrate are the rate of change of pressure before and after the baroreflex is activated:
We adapted and extended a non-linear mathematical model for the baroreflex regulation proposed in [3] with galvanic skin resistance response to the orthostatic stress as follow. N is the firing rate of the baroreceptors. N 0 is the baseline firing rate; M is the maximum firing rate. Ns, N I , N L represent the short, intermediate and long term threshold of receptors with corresponding time parameters τ S , τ I and τ L . α, k L , k I and k L are weighting factors.
The level of parasympathetic tone is given by T par . The sympathetic response is modeled by T sym using β as damping factor.
The concentrations of norepinephrine C nor and of acetylcholine C ach on the sinoatrial node depend on the sympathetic and parasympathetic tone with the time constants τ nor and τ ach .
The heart rate HR deviation from its mean value HR 0 depends on the scaling factors M s and M p on the concentrations of norepinephrine and of acetylcholine.
The sympathetic tone influences the galvanic skin resistance GSR using the scaling factor k pr . GSRo is the baseline resistance.
The mathematical model contains 23 unknown parameters which were estimated from the experimental data using the Systems Biology Toolbox 2 [4] . Their mean values are given in Table 1 and 2 below. 
Artificial Neural Networks
We used Statistica Neural Networks to investigate multi-layer perceptrons (MLP). The selected MLP neural network (see Fig. 1 ) has two hidden layers with 27 and 9 nodes, three inputs and three outputs. The inputs to the network are measured heart rate in beats/min., measured blood pressure in mmHg and measured galvanic skin resistance in µMho. The outputs from the MLP are simulated heart rate in beats/min., simulated parasympathetic response and simulated sympathetic response (see Fig. 2 ). Both the inputs and outputs have been normalized to the interval 0-1. Product of inputs and weights has been used as a postsynaptic function in both hidden layers. Hyperbolic tangent has been used an activation function in both layers as well. The MLP has been trained using training, validation and testing sets. The original data has been split into these sets randomly in the ratio 2:1:1. Two-phase training has been used. In the first run well-know backpropagation has been employed. In the consequent run the conjugate gradient training algorithm has been applied to precisely tune the network.
Fig. 1. Multilayer perceptron neural network architecture
Fig. 2. Multilayer perceptron neural network training scheme
The second task we were facing was a problem of classification patients according to the following characteristics: their sex (male or female), their age (15 -46 years), their weight (50-110 kg) and the health status (1 for young healthy, 2 for elderly healthy, 3 for hypertensive). We have designed a similar network using MLP as well. The inputs to the classifier were the model parameters mentioned in Table 1 and 2; and the outputs were the corresponding patient characteristics.
Results
The 19 subjects were divided into two groups, who underwent the tilt table test in two distinct sessions. The first experiment session produced 22 datasets, which were used to fit the mathematical model using the downhill simplex method implemented in the Systems Biology Toolbox 2 for Matlab. The time course of arterial blood pressure and galvanic skin resistance as response to the orthostatic stress are depicted in Fig. 3 . The obtained simulated sympathetic and parasympathetic tones, as well as heart rate were used as target outputs for the artificial neural network during training. The classifier used the age, weight, sex and health status information gathered during experiments as target outputs.
After the ANN and the classifier were trained, their efficiency was tested on data obtained during the second measurement session. 21 new data sets were recorded on 6 subjects. These data were applied as input to the ANN on one side and to the mathematical model on the other side. Both models output a simulated heart rate signal showing a good fit to the measured data, see Fig. 4 . However the ANN appeared to include more non-linearity than the mathematical model. The ANN estimates sympathetic and parasympathetic tones as well. This output was compared to the one generated by the mathematical model. Fig. 5 shows the corresponding decreasing parasympathetic and increasing sympathetic tones with a good fit to the mathematical model. The estimated values of the mathematical model parameters (see Table 1 and 2) were applied as input to the classifier. We found out that the parameters contain useful information for predicting the health status and sex because the ANN has been able to predict outputs without mistakes. The classifier was able to assign the right health status to unknown patients based on the corresponding estimated values of model parameters. More difficult task was the prediction of age and weight. In both cases the MLP has been employed as a regression model. The same inputs and network parameters like in the classification task have been used. After training the ANN responded quite well but not as accurately as expected. In more details, the network responded correctly from the view of an order of values of the output values but incorrectly from the viewpoint of absolute values. Even so the network proved importance to give correct trends and interpretable results.
The least-square error for the ANN and the classifier varies within range 0.11 -0.06. More important is that the error signal was approximately the same for training, validation and testing set, what is a good measure of ANNs quality training. The mathematical model produced an error within range 0.0022-0.088.
Conclusion
We could use the non-linear nature of artificial neural networks to describe some mechanism of cardiovascular control. The level of parasympathetic and sympathetic discharge on the sinoatrial node of the heart could be predicted, as well as the sympathetic tone on the vasculature and the patient health status. The network has been validated against measured data obtained during the tilt table test and the results agree with those presented in [3] using a mathematical model based on differential equations of first order.
The success of the proposed network depends on supervised learning. This requires an accurate model of the cardiovascular control; otherwise it is not possible to train the ANN. A possible future research could be on unsupervised control during learning. In this case, the controller must learn by trying diverse actions in order to reduce the failure signal. Such a network might be more suitable for modeling autonomic cardiovascular control.
